Mathematical models provide a rational basis to inform how, where and when to control disease. Assuming 10 an accurate spatially-explicit simulation model can be fitted to spread data, it is straightforward to use it to test 11 the performance of a range of management strategies. However, the typical complexity of simulation models 12 and the vast set of possible controls mean that only a small subset of all possible strategies can ever be tested. 13 An alternative approach -optimal control theory -allows the very best control to be identified unambiguously. 14 However, the complexity of the underpinning mathematics means that disease models used to identify this 15 optimum must be very simple. We highlight two frameworks for bridging the gap between detailed epidemic 16 simulations and optimal control theory: open-loop and model predictive control. Both these frameworks 17 approximate a simulation model with a simpler model more amenable to mathematical analysis. Using an 18 illustrative example model we show the benefits of using feedback control, in which the approximation and 19 control are updated as the epidemic progresses. Our work illustrates a new methodology to allow the insights 20 of optimal control theory to inform practical disease management strategies, with the potential for application 21 to diseases of plants, animals and humans. 22 1 Introduction 23 Mathematical modelling plays an increasingly important role in informing policy and management decisions 24 concerning invading diseases [1, 2]. However, model-based identification of effective and cost-efficient controls 25 can be difficult, particularly when models include highly detailed representations of disease transmission 26 processes. There is a variety of mathematical tools for designing optimal strategies, but no standard for putting 27 the results from mathematically motivated simplifications into practice. An open question is how to incorporate 28 enough realism into a model to allow accurate predictions of the impact of control measures, whilst ensuring 29 that the truly optimal strategy can still be identified [3] . In this paper we identify the difficulties -as well as 30 potential solutions -in achieving a practically useful optimal strategy, highlighting the potential roles of open 31 loop and model predictive control by way of a simple example.
Model predictive control (MPC) is an optimisation technique incorporating system feedback [33, 34] . At regular 115 update times the values of the state variables in the approximate model are reset to match the conditions in the 116 simulation at that time. The control is then re-optimised and the new control strategy is used going forward in 117 the simulation to the next update time. This corresponds to a series of open-loop problems solved at regular 118 update steps (figure 1). Model predictive control can therefore take into account perturbations in the disease 119 progress trajectory caused by heterogeneities omitted from the approximate model.
120
Model predictive control has had some use within the epidemiological literature, the majority being for 121 control of drug applications for single individuals rather than control of epidemics at the population level. Here the prediction is reset to match the simulation at every update step (0.5 time units) and the control is re-optimised. By taking account of differences in the number of infected individuals compared with those predicted at the initial time, MPC gives better predictions of the simulation state as well as improved control when compared to open-loop control (note different y axis scales).
of approximation. The first model is purely risk structured, factoring out all spatial information and leaving 160 one high risk and one low risk population group. The second approximate model is more complex, in as 161 much as it is also risk structured, but additionally includes a first approximation to the host spatial structure by 162 dividing the host population into three large regions. Spatial dynamics are included between but not within 163 the three regions, maintaining enough simplicity to obtain optimal control results. This could represent, for 164 example, optimising control at the country level, but not at the regional level. We will refer to this model as 165 the spatial approximate model. A single set of parameters is fitted for each model to data from an ensemble 166 of simulation model runs. We then test which of the two approximate models is the more useful for control 167 optimisation. Full details of the approximate models, fitting and optimisation procedures are given in the 168 supplementary material.
